The Mudgeeraba drinking water treatment plant, in Southeast Queensland, Australia, can withdraw raw water from two different reservoirs: the smaller Little Nerang dam (LND) by gravity, and the larger Advancetown Lake, through the use of pumps. Selecting the optimal intake is based on water quality and operators' experience; however, there is potential to optimise this process. In this study, a comprehensive hybrid (data-driven, chemical, and mathematical) intake optimisation model was developed, which firstly predicts the chemicals dosages, and then the total (chemicals and pumping) costs based on the water quality at different depths of the two reservoirs, thus identifying the cheapest option. A second data-driven, probabilistic model then forecasts the volume of the smaller LND 6 weeks ahead in order to minimise the depletion and spill risks. This is important in case the first model identifies this reservoir as the optimal intake solution, but this could lead in the long term to depletion and full reliance on the electricity-dependent Advancetown Lake. Both models were validated and proved to be accurate, and with the potential for substantial monetary savings for the water utility.
INTRODUCTION
The delivery of safe drinking water is an essential task for any bulk water supplier charged with providing water that is clear, cool, good tasting, reasonably soft, stable, plentiful, and cheap (Sarai ) . The treatment of raw water from lakes, rivers, or wells is, therefore, required in order to meet the drinkability guidelines defined by different national regulators.
In case of the Mudgeeraba water treatment plant (WTP), in Southeast Queensland, Australia, raw water is drawn from two different reservoirs: (1) Little Nerang dam (LND; maximum capacity: 6,705 mL) by gravity, and (2) the upper intake of Hinze dam (HUI; 310,730 mL), which bounds Advancetown Lake, through three electric pumps. If such prediction model can be developed, another issue to be addressed for an effective water treatment management is to make sure that the intake prediction is compatible with current storage levels constraints. In particular, whenever LND is selected as being the optimal reservoir, water treatment decision-makers will have to ensure that high withdrawal rates from LND would not lead to quick depletion of this small reservoir. This is especially important as LND, by not having associated pumping costs, is often kept as a backup reservoir in case of failure of the HUI pumping system. As a consequence, another goal of this project was to develop a medium term (6 weeks) dam level forecast for LND in order to provide the decision-makers with different depletion and spill risks given different withdrawal scenarios. Such long-term type of prediction models cannot eliminate the uncertainty, but they have the capacity to reduce it (Krzysztofowicz ) or quantify it; in fact, the accurate measurement of the 
MATERIAL AND METHODS
The Mudgeeraba WTP is the second largest drinking water treatment facility in the Gold Coast region, Queensland, Australia, as it can treat a maximum of 110 mL/day of raw water (Rogers et al. ) . This is withdrawn from HUI and LND, which are located about 3 and 8 kilometres west and southwest of Mudgeeraba, respectively.
Firstly, historical data were collected. Seqwater, the main bulk water supplier of the Southeast Queensland region and currently custodian of the Mudgeeraba WTP, provided historical data, from 2008 to 2014, for lake water quality (weekly manual samplings, n ¼ 311) and chemicals dosages and costs (daily, n ¼ 2,187). Also, raw water quality data (daily) were provided, as well as the amount of water withdrawn from LND and from HUI. Additionally, energy costs were also made available. Finally, data from VPSs were also provided. These remote sensing tools, through a number of probes, can provide hourly water quality data for the whole water column. These were installed in LND and HUI only recently (2014); however, the ultimate goal of this project would be to have an intake optimisation mode relying solely on VPS data, so that if there is a sudden water quality change (e.g. turbidity current), the operators can promptly change the intake according to the model's updated predictions. At this stage however, the developed model relies on manual sampling data. For more details on available data, the reader can refer to
Bertone et al. ().
The aforementioned data were then analysed using, among others, self-organising maps (Kohonen ;
Mounce et al. ). Self-organising maps, a form of artificial neural networks, allow the user to quickly and visually detect correlations and interdependencies between multiple variables, thus they are very effective for data analysis of complex, multi-variable systems. As a confirmation, a number of correlations between water quality and chemicals were found, some of them unexpected from a simple treatment process point of view (e.g. alkalinity with coagulation aids such as polydadmac); this facilitated the second step, i.e. deeper regression analysis between the selected variables and model development (Bertone et al. ) .
Subsequently, based on historical correlations, each chemical dosage was predicted using a different model (Table 1) . Data was divided between a training set, and a test set to check model performance: in some cases (e.g. alum or chlorine), through a data-driven approach by directly associating the dosage to some raw water quality variables; in other cases (e.g. lime, carbon dioxide) in order to correct alkalinity or pH through well-known relationships (e.g. Caldwell-Lawrence diagrams; Caldwell & Lawrence ). Dosages were then converted to costs according to the unitary cost of each chemical. Pumping costs were also accurately estimated based on daily flows from HUI (i.e. where the pumps are used).
For the second modelling activity, i.e. storage volume forecasting for LND, more historical data needed to be collected. These were inflow, spill, storage volume, WTP intake, and environmental flow. Data frequency ranged from daily to weekly, and some input data (e.g. rainfall) was available since 1926. However, the period where all the input variables were available and with only few missing data points was 1999-2015. For this project's purpose, it was decided that weekly data were suitable (n ¼ 814) to achieve a The real variation is obtained by subtracting the expected outflows (WTP intake, environmental flow, and predicted spills). Equation (1) represents the results of the two different models developed for low and high inflows.
where: 
RESULTS AND DISCUSSION
source choice. This was mainly associated with an increased usage of LND which does not have pumping costs. It was in fact estimated that even in the case of much worse water quality, the extra pumping costs from HUI would imply higher total costs. Increased sludge disposal costs due to increased use of alum were also accounted for; an increased usage of LND was still recommended in most cases. This is made clear by Figure 3 , which shows how total treatment costs almost doubled when HUI was selected and associated pumping costs were added.
WTP operators, whenever LND is selected to be the most appropriate choice, can establish how much raw An example is provided in Figure 7 . Two pie charts help summarise and interpret the probability curve. One provides the risk of high and medium spill, while the other one tells the probability of low, medium and high volumes. The threshold for 'low' was selected based on hydraulic calculations (below which it is not possible to draw water; see
Hamilton ); all the other thresholds were decided in accordance to the operators' indications.
CONCLUSIONS
A comprehensive optimisation model in support of drinking water treatment operations was developed. Firstly, it enables to select the optimal reservoir and intake depth to draw raw water from, based on water quality and electricity costs. This assessment also includes the estimation of the dosage of Even though the model accuracy might change based on historical data available, such methodology can be applied to any drinking WTP using the same treatment chemicals, and to any dam with similar operational configuration.
Future work will focus on refining the models based on new data (especially VPS data) and updated BoM SSF Figure 6 | LND volume prediction model GUI outlook.
